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Abstract

Vegetation water use efficiency (WUE) serves as a critical indicator reflecting
the interactions between ecosystem carbon and water cycles. However, rapid warming
in the Northern Hemisphere and increasing wildfire activities have introduced
significant disturbances, and potentially affected the dynamic changes in WUE that
occur post-fire. Understanding these impacts is crucial for advancing our knowledge
of ecosystem responses to environmental changes. In this research, we focused on
analyzing the post-fire trajectories and response mechanisms of WUE during the
growing season in the Northern Hemisphere by employing detrended and
de-seasonalized WUE data combined with fire intensity derived from the moderate
resolution imaging spectroradiometer. Our findings reveal that since 2001, the WUE
of vegetation in the northern hemisphere during the growing season exhibited an
overall downward trend (-0.016 g C m2 mm™' yr!), with a pronounced turning point
observed around 2011, which may be related to large-scale climate anomalies, such as
the strong La Nifa event. Within five years after fire, 74.2% of AWUE (defined as
post-fire WUE minus pre-fire WUE) values fell within the range of -0.5t0 0.5 g C m™2
mm~! and showing a clear bias toward negative values, indicating that fire
disturbances tended to produce adverse impacts on WUE. Notably, coniferous forests
exhibited increasing WUE trends post-fire, whereas broadleaf forests tended to

decline, with their trajectories further influenced by climatic zones. Machine
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learning-based attribution analysis highlighted that the pre-fire levels of WUE was a
key factor influencing post-fire changes in WUE. Additionally, climate variables such
as temperature, vapor pressure deficit, soil moisture, and precipitation also played
important roles, these climatic drivers contributed significantly at local scales. Our
study reveals post-fire trajectories of WUE among different vegetation types and
identifies the primary drivers. These findings provide important insights for
understanding coupled carbon-water cycle responses of northern vegetation to fire

disturbance.

Keywords: Water use efficiency, Fire disturbance, Post-fire vegetation recovery,

Climate change, Northern Hemisphere

1. Introduction

Water use efficiency (WUE), defined as the ratio of carbon assimilated by plants
to the transpiration water consumed, reflects vegetation growth capacity under
specific water resources conditions and serves as a critical indicator for evaluating the
integrated response of land ecosystems to the carbon, water, and energy cycles (Ito
and Inatomi, 2012; Huang et al., 2015; Yang et al., 2020). Consequently, dynamic
changes in WUE and its control mechanisms have been a focal area of global change
ecology research. Early studies demonstrated that elevated CO, concentrations under
free-air CO, enrichment conditions enhance photosynthesis in both C3 and C4
vegetation while reducing stomatal conductance, thereby, improving WUE (Wand et
al., 1999; Bernacchi et al., 2007). In recent years, large-scale studies using remote
sensing technology have further revealed that WUE shows a significant increasing
trend in regions with vegetative greening (Xue et al., 2022; Hu et al., 2024), offering
new perspectives on understanding vegetation-water resource relationships. However,
under drought stress conditions, particularly in environments characterized by high
vapor pressure deficit (VPD) and low soil moisture, vegetation limits photosynthesis

and transpiration processes through stomatal regulation mechanisms, potentially



61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

limiting further global-scale WUE increases to an asymptote, that is, a saturation level
(Li et al., 2023). Recent studies have further indicated that the spatiotemporal
variations in WUE and their drivers exhibit spatial heterogeneity and high sensitivity
to extreme climate events (Liu et al., 2024). Although some studies have examined
the response of WUE to drought stress, research focusing solely on fire disturbances,
particularly at large spatial scales, remains limited. In the context of intensified global
climate change, vegetation recovery has become increasingly longer following
extreme fire events in recent years (Lv et al., 2025). Therefore, it is necessary to
investigate post-fire WUE trajectories at large spatial scales and to examine the
mechanisms by which fire disturbances influence WUE.

The occurrence of wildfires typically causes severe disruption to the surface
environment, and the overlay of drought stress before and after a fire complicates the
vegetation growth trajectories. Existing research indicates that fires can influence
ecosystem water and carbon cycles on multiple levels. At the biogeochemical level,
fires affect water transport processes directly by regulating plant water demand (Baur
et al., 2024) and altering soil texture (Granged et al., 2011); at the community
structure level, fires drive changes in vegetation cover types (Tyukavina et al., 2022)
and reshape ecosystem resilience (Zheng et al., 2024), indirectly influencing carbon
and water use patterns; at the energy exchange level, fires reconstruct regional surface
energy and water balance by altering surface radiation flux and the evapotranspiration
capacity of vegetation (Liu et al., 2019; Zhao et al., 2024).

However, fire characteristics differ markedly between the Northern and Southern
Hemispheres, particularly in terms of fire frequency, area, intensity, and weather
seasons (Jones et al., 2022; Richardson et al., 2022), requiring that regional context
and vegetation types be carefully considered when assessing the impacts of fires on
WUE. Terrestrial ecosystems in the Northern Hemisphere exhibit significant
environmental sensitivity compared to tropical vegetation in the Southern Hemisphere.
Their  photosynthesis-transpiration  coupling processes are regulated by
multidimensional environmental gradients, encompassing seasonal precipitation

fluctuations, temperature gradients, species differences and elevation effects (Zheng et



91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

al., 2023). Of particular interest is the synergistic interaction between fuel load
heterogeneity and phenological periodicity, which jointly drive the spatiotemporal
pattern formation of wildfires in northern forest regions. On a broader scale, this
interaction shapes the fire type differentiation between North America and Eurasia:
northern forests in North America are dominated by crown fires, while Eurasia
predominantly experiences surface fires (Rogers et al., 2015; De Groot et al., 2013).
Additionally, compared to wildfire-prone areas in the Southern Hemisphere,
particularly in Australia, the relatively longer fire return intervals in the Northern
Hemisphere have distinct ecological significance, as fires in high-latitude regions are
typically naturally ignited. These temporal characteristics of the fire regime allow
northern hemisphere vegetation to exhibit more complete restoration and succession
processes, providing a unique temporal framework for analyzing vegetation WUE
responses to fire disturbances.

Recent years have seen the intensification of Arctic amplification, which has
exacerbated the trend of warming and increased moisture in high-latitude regions,
leading to characteristics such as the expansion of burned areas, increased fire
intensity and prolonged ecological recovery periods in northern forests. A study based
on post-fire carbon stock trajectories showed that the recovery of ecosystem carbon
stocks in northern North American forests exhibited a significant time lag effect, with
recovery periods extending beyond 10 years (Yu et al., 2023). Despite this, research
on the spatiotemporal evolution of WUE following fire disturbances in northern
regions remains scarce. Understanding the dynamic response mechanisms of WUE
post-fire is crucial for clarifying water-carbon coupling processes in ecosystems under
climate change and for reconstructing regional hydrological cycles.

Changes in WUE are revealed as a temporal trend influenced by a combination
of driving factors, including climate and disturbances. Therefore, when analyzing the
isolated effects of disturbances on WUE, it is crucial to remove confounding factors
such as climate change in order to assess the disturbance effects independently. In
previous studies on the impacts of disturbances like fire on vegetation productivity

and resilience, long-term trends and seasonal fluctuations in vegetation were typically
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removed (Wang et al., 2023; Xu et al., 2024). This methodological approach is highly
relevant for analyzing WUE. However, research focusing on detrended
WUE—defined as the residual variability after removing long-term trends and
seasonal cycles, which captures transient responses to disturbances (e.g., droughts,
fires) and interannual climate extremes—remains limited, highlighting a critical gap
in understanding short-term ecosystem vulnerability.

Given the above existing knowledge gaps, we aim to address the following three
questions by integrating de-trended WUE and fire data:

1) How has WUE in the Northern Hemisphere changed since the early 21st
century (2001-2021)?

2) How does WUE change following fire disturbances?

3) What factors influence the evolution of WUE trajectories after fire
disturbances?

Through a combination of remote sensing diagnostics and machine
learning-based modeling, we aim to establish a mechanistic framework linking
post-fire vegetation regeneration strategies and hydrological constraints. The findings
will inform adaptive management strategies for balancing carbon sequestration and

water resource sustainability in boreal fire landscapes.

2. Data and methods

2.1 Overview of the study area

The study area is defined within the natural vegetation regions of the Northern
Hemisphere (Fig. 1a), focusing on eight typical vegetation types, and excluding the
interference of agricultural and industrial activities to minimize human impact on the
results. The spatial distribution of vegetation exhibits significant spatial heterogeneity.
Coniferous forests dominate the Siberian and northern Canadian regions (with a
notable proportion north of 55N), while temperate grasslands occupy a dominant

ecological niche in the Midwest of the United States and Europe, with higher
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coverage observed in regions between 30-50 N.

We generated a map of wildfire intensity in the Northern Hemisphere since the
21st century. This map was referred to the research of Liu et al. (2019), using an
annual wildfire and vegetation index dataset. Specifically, the intensity is determined
by the ratio of the area of leaf area index (LAI) loss due to fire to the area of the fire
(Equation 1). The results show that high-intensity fire areas (fire intensity > 60%)
account for a significant proportion of the area, mainly distributed in the coniferous
forest belt above 50N, while low-intensity fire areas (fire intensity < 20%) represent
a relatively low proportion and are predominantly found in the grassland-forest
transition zone (Fig. 1b).

: : Sy Area LAl loss due to fire 0
Fire intensity = x100% (1)
Area

Fire

Here, Area pa ioss dee 10 fire. TEPresents the total area within a 0.1°grid where a
reduction in LAI due to fire is detected; whereas Area ;. represents the fire-affected
area detected within the same grid. Methodologically, we employ a before-and-after
comparison approach to evaluate the impact of fire on vegetation: specifically, within
a three-month time window before and after the fire event, if a significant reduction in
LAI values is observed in 500 m resolution burned pixels, those pixels are classified

as fire-induced LAI loss pixels.
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Fig. 1. Land cover and multi-year wildfire intensity distribution characteristics in the study area. a.

Spatial distribution of the eight major natural vegetation types, with an inset showing the

frequency percentage of each type. b. Map of the average fire intensity from 2001 to 2022, with an

inset illustrating the frequency distribution of different wildfire intensity levels.

2.2 Datasets

The data used in this study serve three main purposes: estimating WUE,

assessing fire intensity, and identifying the environmental factors influencing post-fire

WUE trajectories. First, the data used to estimate vegetation WUE come primarily

from the PML_V2 product, which provides gross primary productivity (GPP) and

evapotranspiration (ET) data. This product combines a photosynthesis model with a

stomatal conductance model and employs the Penman-Monteith equation to estimate

GPP and ET. It offers estimates of vegetation water use from 2001 to 2021 at a spatial

resolution of 500 m and a temporal resolution of 8 days (Zhang et al., 2019; Ma and

Zhang, 2022).

Second, we used the monthly 500 m resolution burn product from MCD64A1

(Giglio et al., 2021), which effectively records historical wildfire information but is
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not sensitive to small, isolated fires (Ramo et al., 2021). We estimated wildfire
intensity and retained pixels where only one fire occurred between 2004 and 2020,
and the fire intensity was greater than 10%. The land cover type data were obtained
mainly from MCD12Q1 Version 6.1, which provides global land cover categories
from 2001 to 2022 at a spatial resolution of 0.05<(Friedl and Sulla-Menashe, 2022).
To minimize potential interference from land cover type changes, we analyzed only
pixels where no land use change occurred during the fire event.

Finally, when evaluating the factors influencing post-fire WUE trajectories, we
considered environmental characteristics such as climate, soil and fire features.
Monthly climate data from 2001 to 2022 (with a spatial resolution of 50 km) were
obtained from the Climate Research Unit (CRU) time-series dataset v.4.08 (Harris et
al., 2020). Elevation data were sourced from the Shuttle Radar Topography Mission,
with a spatial resolution of approximately 30 m (Farr et al., 2007). The calculation of
VPD followed Yao et al. (2023) and was derived from the European Centre for
Medium-Range Weather Forecasting Reanalysis 5th Generation (ERAS5), based on 2
m air temperature, dew point temperature and elevation (Mufbz Sabater et al., 2021).

The specific formula is as follows.

17.67xT,

SVP =6.112x (346 ><10_6 > Pa +7x107* +1) % eTa+243.5 (2)
1767+,
AVP =6.112x(3.46 %1078 x P +7x 107 +1)x QTo+2435 3)
b 101325 (T3t T, e @
273.16+T, +0.0065x Z
VPD =SVP - AVP (5)

where P, represents atmospheric pressure estimated from elevation (Z) and 2 m air
temperature (T,). Both T, and T4 (2 m dew point temperature) were obtained from the
ERA5-Land dataset. SVP and AVP denote the saturated and actual vapor pressures
(both in kPa), respectively. Soil data included soil moisture at 0-7 cm from ERAD, as
well as soil organic carbon (SOC) and clay content at 0-10 cm from Open Land Map
(Hengl et al., 2017). Human activity indicators were represented by annual human

footprint data (Mu et al., 2022). To maintain spatial resolution consistency, we



213 performed bilinear interpolation for monthly discrete variables, nearest-neighbor
214  interpolation for static data and median aggregation for fire-related variables,
215  ultimately resampling all data to a 0.1 grid resolution. Detailed characteristics of
216  these datasets are summarized in Table 1.
217 Table 1. Data used in this study.
Resolution
Variable Usage Period Units Sources
Temporal  Spatial
GPP Estimationof WUE ~ 8days  500m 20012021 gCm?
Estimation of WUE, Zhang et al., 2022
ET 8days 500 m 2001-2021 mm
Attribution analysis
Burn area Fire intensity Monthly ~ 500 m  2004-2020 ha Giglio et al., 2021
LAI Fire intensity 4days  500m  2004-2020 m? m™ Myneni et al., 2021
Friedl and
Land cover Zonal statistics Yearly 0.05°= 2001-2021 \ Sulla-Menashe,
2022
PRE Attribution analysis mm
Monthly 0.5° 2001-2021 Harris et al., 2020
TMP Attribution analysis °C
Elevation Attribution analysis \ 30m \ m Farr et al., 2007
VPD Attribution analysis ~ Monthly 0.25° 2001-2021 k Pa Yao et al., 2023
SOC Attribution analysis \ 0.25° \ g/kg
Clay Hengl et al., 2017
Attribution analysis \ 250 m \ % (kg / kg)
content
Human
Attribution analysis Yearly 1km  2001-2018 \ Mu et al., 2022
Footprint
218
219 2.3 Methods
220  2.3.1 Ecosystem water use efficiency
221 The WUE of an ecosystem can be defined as the ratio between the carbon
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fixation amount (GPP) and the evapotranspiration (ET). It can be calculated as

follows:

WUE = GPP (6)
ET

where WUE represents the WUE of vegetation in units of g C m? mm™, GPP denotes
gross primary productivity in units of g C m™2, and ET refers to transpiration in mm,
respectively. After calculating the monthly WUE, we applied a detrending process
because the temporal trend in WUE is driven by long-term trends, seasonality, climate
forcing and autocorrelation. We applied Locally Estimated Scatterplot Smoothing
(LOESS) to decompose the monthly WUE time series into trend, seasonal, and
residual components. This approach aims to isolate short-term ecological responses by
removing long-term trends (e.g., climate change effects) and seasonal cycles, while
simultaneously addressing autocorrelation inherent in the temporal data (Abel et al.,
2024). Specifically, we extracted the WUE residual component using the stl() function
in the ‘stats’ package (v4.2.1) in the R software. In the decomposition process, we set
the s.window parameter to ‘periodic’ to represent a fixed 12-month seasonal cycle
(Wang et al., 2023), and used a trend window of 23 months (t.window = 23), which
generated a time series of WUE residuals for each grid. For robustness, we also varied
the t.window parameter (17 and 29 months) to evaluate the sensitivity of the residual
component to the choice of different windows (Fig. S1). From a spatial perspective,
the WUE patterns across these vegetation types show significant latitudinal zonal
characteristics (Fig. 2a), with a clear gradient decreasing from the poles to the Equator.
High-latitude coniferous forest regions generally exhibit higher WUE, as they are
better adapted to cold climates and can utilize water efficiently during the limited
growing season. In contrast, the average WUE in arid/semi-arid regions is lower,
primarily limited by water scarcity (Tang et al., 2014; Fan et al., 2023). To evaluate
the robustness of our WUE estimates to input-data selection, we additionally derived
two WUE datasets, using GOSIF-GPP (Li and Xiao, 2019), FLUXCOM-GPP (Jung et
al., 2020), and ERA5-Land ET (Mufbz, 2019). The spatial patterns of annual mean

WUE derived from the three combinations are similar, with some deviations
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appearing in Northern Russia and Northwestern North America (Fig. 2a, Fig. S2a, and
Fig. S3a). Apart from this localized difference, the other two WUE datasets exhibit
similar latitudinal gradients to Fig 2a (Fig. S2 and Fig. S3). After removing long-term
trends and seasonal fluctuations, the residual WUE variability reflects short-term
ecological dynamics (e.g., interannual climate anomalies or disturbance events).
Given the substantial decline in vegetation photosynthetic efficiency during the winter
months in the Northern Hemisphere, our analysis of WUE is restricted to the growing
season. The growing season was defined as the months with an average temperature
higher than 0<C. Considering that the study area includes arid/semi-arid regions, we
further restricted the monthly precipitation of the growing season to between 10% and
90% of the annual mean total precipitation (Xu et al., 2024). We observed a declining
trend in residual WUE during growing season across most vegetation types (Fig. 2b),
and similar patterns were found in the other two WUE datasets (Fig. S2b and Fig.
S3b), suggesting potential increasing impacts of episodic disturbances (e.g., wildfires

or droughts).
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Fig. 2. Distribution of WUE before and after detrending. a. Annual mean spatial distribution of



268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

WUE without removing long-term trends and seasonal fluctuations. b. Spatial distribution of
multi-year means of WUE during the growing season after eliminating long-term trends and
seasonal fluctuations. Both insets show the distribution of WUE across different vegetation types,

with color schemes shared with the inset of Fig. 1a.

2.3.2 The temporal baseline of pre-fire WUE

We analyzed the changes in WUE before and after fire at an annual scale, with a
particular focus on the growing season WUE. We first extracted the WUE time series
of the growing season for each burned pixel during the three years prior to the fire,
removing long-term trends and seasonal fluctuations, and used the mean of this series
as the preliminary time baseline. Since disturbances often lead to significant negative
anomalies in WUE (Poppe et al., 2023), with fire having a more severe impact, we
further excluded outliers below -0.5 standard deviations from the initial baseline to
reduce the influence of disturbances such as drought or small, isolated fires (Yao et al.,
2023). Finally, the remaining time series was averaged again, serving as the WUE
time baseline for the burned pixel before the fire. Fig. 3 presents a schematic diagram
detailing the methodology for extracting the temporal baseline of WUE at a specific
fire pixel, specifically focusing on WUE derived from time-series data after removing

interannual trends and seasonal variations.
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Fig. 3. Extraction of the pre-fire WUE temporal baseline from a given location in North America
(33.34° N, 87.05° W) where a fire disturbance occurred. a. The monthly raw WUE time series
from 2001 to 2021. The interannual and seasonal trends were first extracted from the raw WUE
using STL decomposition, and the residuals were defined as detrended WUE. b. The
corresponding time series selected to calculate WUE dynamics during the growing season before

and after a fire occurred in 2011.

2.3.3 Post-fire variation in WUE

To capture the changes in post-fire vegetation WUE over the longest possible
period, we based our analysis on fire pixels that experienced only one fire event
between 2004 and 2018, and constructed the time-series of WUE after the fire. The

specific formula is as follows:
AWUE =WUE, -WUE, ;.. @)

Here, WUE ; represents the WUE in the year after the fire, with time i ranging
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from 0 to 15 years (e.g., O represents the year of the fire, and 15 represents the 15th
year after the fire). WUE paseline IS the pre-fire time baseline (the specific calculation
method is detailed in Section 2.3.2). Finally, AWUE is the difference between the two

and represents the change in WUE after the fire.

2.3.4 Attribution analysis

To identify the factors controlling the post-fire WUE changes, we collected a set
of environmental factors for each burned pixel over the three years following fire,
using seasonal averages. These factors include temperature (TMP), precipitation
(PRE), VPD, elevation, land cover type, human footprint (Footprint), soil moisture
(SM), clay content, soil organic carbon (SOC), pre-fire levels of WUE and fire
intensity, among others. Detailed information is provided in Table 1. These factors
encompass various dimensions related to WUE, including its own status, soil
properties, climate conditions, and fire characteristics. Prior to analysis, seasonal
fluctuations and long-term trends were removed from the monthly variables.

After screening, we established an XGBoost model based on the gradient
boosting strategy for a total of 36,000 qualifying burned pixels from 2004 to 2018.
These pixels met the following criteria: they experienced only a single fire event, their
primary land cover type did not undergo changes, and the fire intensity exceeded 10%.
The aim of this model was to assess the relative impact of environmental conditions
on WUE changes over the five years following the fire.

The model was optimized through random search for hyperparameters, with the
root mean squared error (RMSE) used as the evaluation criterion. The maximum tree
depth was set to 10, and the learning rate was set to 0.01. Additionally, both the
column sampling ratio and subsample ratio for each tree were set to 85% to enhance
the model’s generalization ability. We also applied L1/L2 regularization to control
model complexity and used early stopping to adjust the training rounds dynamically,
preventing overfitting.

To further quantify the relative importance of each variable, we used the built-in
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feature importance metric of the XGBoost model. Specifically, variables were ranked
based on the Gain metric, which measures the average reduction in the model loss
function contributed by each variable across all decision tree splits, thereby reflecting
their relative contribution to model performance. To ensure robustness, we employed
the bootstrap method with 100 iterations. The variables were ranked according to their
mean Gain values. This approach effectively identifies the key environmental factors
that significantly contribute to WUE changes. Furthermore, we used partial
dependence plots (PDP) to assess how WUE responds to each feature variable,
providing clear insights into how changes in each feature influence the model’s
prediction outcomes. The XGBoost modeling analysis was conducted using the
xgboost package (Chen and Guestrin, 2016) and the pdp package (Greenwell, 2017)
inR.

3. Results

3.1 Spatiotemporal evolution in detrended WUE

We systematically assessed the spatiotemporal evolution of WUE during the
growing season over the past two decades, focusing on eight land cover types that
remained stable without significant land use changes. This approach effectively
minimizes the potential confounding effects of land use change on the observed WUE
dynamics. The analysis of the annual mean WUE values after de-trending revealed a
significant inflection point in 2011 (Fig. 4c). Specifically, from 2001 to 2011, WUE
exhibited a notable downward trend (-0.019 g C m=2mm 1yr 3, while since 2011,
WUE has shown a non-significant increase (0.007 g C m32mm Xyr 3. The statistical
insignificance of this post-2011 trend was not affected by the choice of LOESS
decomposition parameters (Fig. S3 and Fig. S4). A similar turning point is also
observed across multiple ecosystem types, including evergreen needleleaf forests
(ENF), deciduous broadleaf forests (DBF), mixed forests (MF), and savannas (SAV)

(Fig. S6). By integrating annual atmospheric circulation anomalies with climate
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anomaly datasets, specifically the interannual anomalies of detrended growing-season
variables (TMP, PRE, VPD, SM, GPP, and ET) (Fig. S7), we developed a simplified
path-analysis model to identify the teleconnection pathways. This model reveals how
large-scale circulation anomalies and climate disturbances shape interannual
variations in WUE (Fig. 4e, Fig. S4e, and Fig. S5e). The results show that large-scale
circulation indicators, including the Oceanic Nifb Index (ONI) (He et al., 2025) and
the 850 hPa zonal wind (u850) (Qiu et al., 2025), are significantly positively
correlated with WUE, with standardized coefficients of 0.66 and 0.65, respectively
(Fig. 4e and Fig. S8). Moreover, because wintertime ONI values indicate ENSO
phases, we identified the types of extreme ENSO events occurring between 2001 and
2021 based on National Oceanic and Atmospheric Administration (NOAA)
classification standards (Fig. 4d) (NOAA National Weather Service, Climate
Prediction Center, 2024). Both the path analysis and the temporal sequence of ENSO
extremes suggest that the 2011 inflection point may have been influenced by the La
Nifa event occurred around 2011 (Fig. 4d, Fig. S4d, and Fig. S5d). In addition, we
found significant negative correlations between ET, PRE, and WUE (Fig. 4e, Fig. S4
e, and Fig. S5e), indicating that climate anomalies induced by extreme events exert
substantial influence on vegetation water-use strategies. Such extreme circulation
anomalies could reorganize climate patterns across the Northern Hemisphere
(Boening et al., 2012; Blunden and Arndt, 2012), potentially amplifying the divergent
vegetation responses between humid and arid regions and, consequently, modifying
water-use efficiency (Bonfils et al., 2017; Jin et al., 2025).

Moreover, non-parametric tests, including the Mann-Kendall (MK) test (Yue et
al., 2002) and Theil-Sen trend analysis (Sen, 1968), were applied to spatially assess
the overall trend in vegetation WUE. In regions where the trend was statistically
significant (P < 0.05), WUE exhibited a notable decreasing trend of -0.016 g C m™2
mm' yr'. However, substantial differences were observed among different forests
types (Fig. 4a). Specifically, a significant decrease in WUE was observed in
coniferous forests in the Russian Far East and Northern Europe, whereas a significant

increase was found in broadleaf forests in Siberia and coniferous forests near the
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Rocky Mountains in North America. From a latitudinal perspective, trends in
detrended WUE below 30 latitude were mostly not significant, with two main
regions of decline observed between 40<and 50<latitude, and again between 60 “and
70< latitude, followed by an overall increase above 70< latitude (Fig. 4b). These
results suggest that both vegetation type and geographic location play critical roles in
shaping the spatial patterns of WUE, potentially linked to recent vegetation greening

and permafrost thawing in near-polar regions.
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confidence interval of the WUE trend. d. Annual winter ONI index and associated extreme ENSO



402  events, with dashed horizontal lines indicating the ONI thresholds (0.5 <C) used to identify El
403  Nifb and La Nifa events. e. Schematic of the path-analysis model illustrating how ONI anomalies
404  in the central-eastern equatorial Pacific (Nifo 3.4) influence terrestrial WUE. Red paths denote
405  negative effects, whereas green paths indicate positive effects. Each path is labeled with its
406  standardized coefficient and significance level.

407

408 3.2 Change of post-fire WUE

409 To assess the impact of fire on WUE, we calculated the five-year post-fire
410  average AWUE for all burned pixels between 2004 and 2020, and mapped the results
411  at a 0.5%spatial resolution (Fig. 5a). The mean AWUE across all fire-affected pixels
412 was 0.0025 g C m? mm™'. Although the overall average change appears limited in
413  magnitude, the distribution of pixel-level responses reveals a clear pattern: the
414  proportion of pixels with negative AWUE responses following fire, relative to pre-fire
415  WUE levels, was higher than that of pixels with positive responses (Fig. 5b).
416  Approximately 74.2% of pixels exhibited AWUE values ranging from -0.5t00.59 C
417 m2 mm!, with a noticeable bias toward negative values. We further evaluated
418  fire-induced changes using two additional WUE datasets, including the
419  GOSIF-ERA5-based WUE and FLUXCOM-ERAS5-based WUE. It is found that 75.8%
420 of pixels in the GOSIF-ERA5-based WUE and 85.1% in the
421  FLUXCOM-ERA5-based WUE also fell within this range, again with a higher
422  proportion of negative values (Fig. S9b and Fig. S10b). These results consistently
423  indicate that fire disturbances tended to result in adverse WUE responses across large
424 areas.

425 Spatial patterns showed that post-fire reductions in WUE were widespread, with
426  particularly strong signals in high-latitude regions (Fig. 5a). Notably, the Russian Far
427  East exhibited extensive areas with negative AWUE values, indicating sustained
428  declines following fire. These areas are predominantly located within transition zones
429  between coniferous and mixed forests (Fig. 1a). Similar trends were observed across

430  northeastern China and the Korean Peninsula, where negative AWUE responses were
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spatially coherent. In central Canada and northern parts of the United States, extensive
regions also showed declines in WUE, particularly within forest-grassland ecotones.
These patterns are consistent with previous findings indicating that post-fire recovery
in boreal and temperate ecosystems is often constrained by climatic and edaphic
conditions, including prolonged soil freezing and reduced water availability (Liu et al.,
2024).

In contrast, positive AWUE values were mainly clustered in eastern Siberia and
northern North America. These areas were largely dominated by coniferous forests,
with deciduous conifer types in eastern Siberia showing comparatively stronger
positive AWUE responses, while evergreen conifers in northern North America
exhibited more moderate positive responses. The contrasting responses across
vegetation types suggest that fire-induced changes in WUE likely reflect differences
in vegetation recovery and water use strategies.

We further evaluated the relationship between fire intensity and WUE response
(Fig. 5¢), and found that AWUE remained negative across all intensity levels. For
instance, low-intensity fires (10-20%) resulted in an average AWUE of approximately
-0.025 g C m=2mm- L while the most intense fires (80-100%) were associated with
the largest reductions, reaching -0.04 g C m2mm- =% Intermediate fire intensities (20—
80%) produced relatively smaller changes. This nonlinear relationship between fire
intensity and AWUE may be explained by threshold responses and compensatory
mechanisms in ecosystem carbon—water dynamics. At low intensity, partial canopy
scorch and litter consumption depress photosynthetic capacity without proportionally
reducing evapotranspiration, because exposed soil enhances direct evaporation and
reduces rainfall interception, resulting in a small but consistent decline in WUE
(Valor et al., 2018; Shakesby and Doerr, 2006). At intermediate severities, surviving
vegetation and rapid resprouting maintain proportional reductions in carbon
assimilation and water use, and resource release such as light, nutrients, and soil
moisture may stimulate compensatory growth, thereby buffering the decline in WUE
(Clarke et al., 2013; Tangney et al., 2022). By contrast, high-intensity fires cause

near-complete vegetation loss, leading to a collapse of carbon uptake while
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evaporation from exposed soils persists, often exacerbated by soil hydrophobicity and
delayed regeneration, resulting in the strongest WUE reduction (Hubbert et al., 2012;
B& et al, 2019; Madani et al., 2021; Fern&dez-Guisuraga et al., 2025). This
nonlinear response suggests that ecosystems maybe more vulnerable at low and high
fire severities, where canopy damage or stand-replacing fire disrupts carbon—water
coupling, while moderate burns allow partial resilience and more efficient resource

use.
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Fig. 5. AWUE and its relationship with fire intensity within 5 years after the fire. a. Spatial
distribution of AWUE, for display, we aggregated the results from 2004 to 2018 to a resolution of
0.5°. b. Frequency distribution of each AWUE interval. c. Distribution characteristics of AWUE

under different fire intensities.

3.3 The trajectories of WUE by vegetation type

We analyzed post-fire AWUE trends over a 15-year period across dominant

vegetation classes. The results show that WUE fluctuates markedly during the first
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five years following fire. Specifically, in the fire year (Year 0), AWUE is already
negative, which may reflect the compound effects of fire and concurrent drought
stress. Combined with the changes in GPP and ET during the same period, it can be
found that both are lower than the pre-fire levels (Fig. S11la and Fig. S12a). In the
subsequent three years, WUE increases rapidly, temporarily exceeding pre-fire levels
by the third year, likely due to the enhanced photosynthetic capacity and fast recovery
of GPP during the seedling establishment phase. However, starting from the fourth
year, WUE declines sharply, which may be associated with increasing ecosystem
evapotranspiration as vegetation structure becomes denser. In terms of long-term
trends, compared to pre-fire conditions, WUE shows a sustained decline beginning
around the fourth-year post-fire (Fig. 6), reaching its lowest point in the tenth year
(-0.06 g C m2 mm™). These interannual fluctuations indicate that the changes in
WUE after fire disturbance are dramatic and that recovery can be prolonged or vary
greatly depending on the region and environmental conditions.

The differentiated responses of various vegetation types to changes in WUE
following fire disturbance were also revealed. The results show that, overall,
coniferous forests, particularly evergreen coniferous forests (ENF), reach post-fire
WUE levels above the pre-fire baseline early after fire, and maintain elevated levels
throughout the 15 years following fire. This phenomenon may be closely related to
their biophysical characteristics and regeneration strategies. Coniferous forests, due to
their high resin content, are highly flammable (Rogers et al., 2015), making them
vulnerable to high-intensity fire events, which often kill or damage the vegetation and
result in a sharp reduction in transpiration (Nolan et al., 2014). However, during the
post-fire regeneration phase, young seedlings may exhibit higher WUE. Furthermore,
other environmental factors may influence the trajectory of WUE after fire. For
example, coniferous forests may enhance WUE by optimizing respiration and light
conditions during the growing season (Tang et al., 2017; Dukat et al., 2024).
Nevertheless, this trend is not uniform and is strongly modulated by climate (Fig.
S13). When stratified by the K&pen-Geiger climatic zones (Beck et al., 2018), the

strongest positive AWUE responses are observed in cold-region ENF (Fig. S13c). In
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contrast, temperate ENF shows weaker post-fire positive AWUE responses and
exhibits negative AWUE responses (Fig. S13d).

The differences in WUE trajectories caused by climate zone differences are also
evident in broadleaf forest types. Overall, broadleaf forests generally show negative
AWUE responses following fire (Fig. 6c¢, e). By analyzing the synchronous dynamics
of ET and GPP, it is seen that transpiration can usually recover rapidly to pre-fire
levels, which may be related to the high stomatal conductance and transpiration rate
of broad-leaved tree species (Li et al., 2025). In contrast, the recovery of
photosynthetic capacity is slower. Specifically, GPP in deciduous broadleaf forests
(DBF) returns to pre-fire levels approximately eight years after burning (Fig. S11e).
In evergreen broadleaf forests (EBF), however, GPP remains persistently lower than
pre-fire levels, while transpiration stays relatively high (Fig. S11c and Fig. S12c).
This imbalance likely contributes to sustained negative AWUE responses, despite the
possibility of WUE temporarily exceeding pre-fire levels during the early post-fire
stage (Fig. 6e). Upon further stratification by climate zone, it is found that the WUE
trajectory of cold-region DBF dominates the overall pattern for this forest type,
thereby obscuring the post-fire fluctuations observed in temperate DBF (Fig. S13f). In
contrast, the WUE trajectories of temperate and tropical EBF show no significant
differences (Fig. S13g, h). This difference highlights the contrasting adaptive
mechanisms of coniferous and broadleaf forests in response to fire disturbance.
Interestingly, for low-stature herbaceous vegetation types (such as shrubs, sparse
woodlands, and grasslands), the WUE changes exhibit greater complexity. Due to
their short growth cycles, the WUE of these vegetation types typically fluctuates
around pre-fire levels following fire disturbances. This also suggests that their WUE

is more susceptible to other disturbances, such as drought (Ahmad et al., 2024).



532
533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

0.05 0.01
n=44638
0.00 0.00+ N\oac
0,05 20.014
Mean
<0104 : : 20.021 .
Ps d 0 5 10 15 0 5 10 15
E 0.4 € 0o f
- - 0.1 - 13
e o mTRL ) n=3146 n=3318
= A 7N
O 00+ ----"-AxAf-- 021 0.0
20 024 -031 -0.14
= DNF DBF MF
-] 0.4+ ‘ T T -0.4 4+ T T T -0.21+ T
= 0 5 10 15
< £, h 0.10
n=4451
0.1 0.05 -
0.04 A f 0,00 -
0.1 -0.05 -
OS
021 : : : 0104
0 5 10 15

Year relative to fire year
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vegetation types are consistent with Fig. 1a.

4. Discussion

4.1 Environmental factors influencing WUE

To understand the environmental factors influencing changes in WUE after fire,
we trained an XGBoost model based on over 70% of the burned pixels from 2004 to
2018 to predict AWUE post-fire (Fig. 7). The results revealed an R=value of 0.87 on
the training set and 0.67 on the test set, indicating that the selected indicators explain a
significant proportion of the variance in AWUE (Fig. 7a). Through relative
importance analysis, we ranked and evaluated the top 10 environmental factors. The
results suggest that the pre-fire WUE level is one of the key indicators influencing

post-fire WUE changes, which is expected, as the pre-fire vegetation health status
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reflects directly its baseline WUE (Fig. 7b). Although AWUE is mathematically
related to pre-fire WUE, a supplementary analysis excluding this factor showed that
the contributions of other environmental drivers changed little (Fig. S14), indicating
that its inclusion does not obscure their roles but rather provides important ecological
context. From an ecological perspective, pre-fire WUE serves as an integrative
indicator of vegetation functional status, capturing multiple dimensions of ecosystem
status such as carbon-water coupling efficiency, water-use capacities, and
physiological stress levels (Ito and Inatomi, 2012; Yang et al., 2020). High pre-fire
WUE typically indicates efficient stomatal regulation, strong photosynthetic capacity,
and favorable water status that can facilitate faster vegetation recovery after burning.
However, in some drought-prone grassland ecosystems, high WUE may instead
reflect water-saving strategies induced by drought stress rather than a healthy
ecological state (Ganjurjav et al., 2022; Zhao et al., 2020). Overall, pre-fire WUE
reflects the physiological and functional condition of vegetation and, together with
post-fire environmental changes, governs the direction and magnitude of shifts in
WUE following fire. Therefore, we regard it as an indicator of pre-fire vegetation
state with ecological significance and early warning potential (Zhang et al., 2024).
Additionally, climate variables such as TMP and VPD were identified as significant
influencing factors.

To further investigate the spatial heterogeneity of environmental controls on
AWUE, we applied a local XGBoost modeling approach using a 5>5 pixel moving
window. This window size (about 50 km?) has been widely used in previous fire
studies to approximate the spatial extent of relatively homogeneous climate conditions
(Liu et al., 2019; Zhao et al., 2024), and our sensitivity tests with alternative sizes
(4>4 and 6>6) showed little effect on the results (Fig. S15). This method identified the
dominant factor influencing WUE change at each pixel based on surrounding
conditions, allowing us to capture fine-scale, context-dependent variability. The
spatial distribution of dominant factors (Fig. 7c) reveals that pre-fire WUE level was
the leading driver across approximately 60% of the burned areas in the Northern

Hemisphere. Other influential variables included temperature (TMP, 11.3%), vapor
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pressure deficit (VPD, 7.2%), soil moisture (SM, 6.3%), and precipitation (PRE,
5.8%), while remaining factors each accounted for less than 3% of the area (Fig. 7d).
These results suggest that while pre-disturbance vegetation condition plays a major
role in shaping post-fire WUE trajectories, post-fire climate factors such as
atmospheric dryness and water availability also contribute significantly at local scales.
However, due to limited data availability in certain regions—particularly the Russian
Far East and the Korean Peninsula—some spatially discrete fire-affected pixels were
not well represented in the final model outputs. This limitation mainly reflects the
patchy distribution of fires. Coupled with the identified filtering criteria, a number of
small-sized burned areas may be ignored (Fig. S16a). While missing fire events can
increase local uncertainty, our thresholding and aggregation strategies ensured that, to
some extent, the retained windows remained representative of local conditions. The
overall model performance (R== 0.6-0.9 across most regions) and the consistency of
spatial patterns support the main conclusions (Fig. S16b). Given the 11 independent
variables in the model, we established a minimum data-availability threshold of 40%
within each 5 x5 window, corresponding to at least 10 valid pixels, to maintain
regression stability. We further evaluated model performance across a range of
thresholds and found that the 40% criterion effectively captures local variability while
preventing substantial degradation in model accuracy or too few effective pixels (Fig.
S17 and Fig. S18). These findings offer valuable insights into the mechanisms
regulating post-fire WUE dynamics and highlight the importance of both antecedent

vegetation condition and local climate constraints during ecosystem recovery.
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Fig. 7. Model interpretability and the relative importance of variables based on the XGBoost
model. a. The model's performance on the training (main plot) and testing (inset) datasets (the unit
of RMSE is g C m™2 mm™). b. The top 10 most influential environmental factors ranked by
importance, quantified using the XGBoost built-in Gain metric. ¢. Spatial distribution of the
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Northern Hemisphere. d. Area proportions of dominant factors.

4.2 Response of WUE to environmental variables

The response functions from the trained global XGBoost model, shown as partial
dependence plots, describe the marginal effects of environmental variables on AWUE.
These plots help to analyze the specific mechanisms through which these
environmental factors influence AWUE after a fire (Fig. 8). First, the pre-fire WUE

status exerts a strong influence on vegetation recovery trajectories. Low pre-fire WUE
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may indicate that vegetation already experienced physiological stress such as
drought-induced stomatal closure or reduced carbon assimilation prior to burning (Li
et., 2025). Under such conditions, post-fire dynamics are often characterized by
compensatory positive AWUE responses, as vegetation re-establishes photosynthetic
capacity and carbon-water balance. In contrast, high pre-fire WUE generally reflects
vegetation with efficient water use and strong photosynthetic activity. Such conditions
may also correspond to greater fuel loads, as observed in Alaskan Arctic tundra
ecosystems where higher pre-fire greenness is associated with increased fire intensity
(Chen et al., 2024). Consequently, after fire, these areas may exhibit larger declines in
WUE because the damage to well-developed canopies and hydraulic structures is
more substantial, leading to slower recovery and reduced carbon-water coupling
efficiency.

Additionally, the response curve for temperature (TMP) reveals a significant
threshold effect in temperature changes on post-fire WUE dynamics. Both large
increases and decreases in temperature hinder the maintenance of favorable WUE
states after a fire. This is consistent with previous studies, which suggests that
moderate temperature ranges are conducive to maintaining a stable vegetation growth
state (Cunningham and Read, 2003). However, rapid temperature changes, such as
heatwaves, can significantly alter the photosynthetic rate and water use strategies of
vegetation (Teskey et al., 2015). Previous research has indicated that the VPD
significantly regulates vegetation water use and photosynthetic rates (Yuan et al.,
2019). Our research confirms that lower VPD (i.e., higher humidity) is associated
with relatively higher post-fire WUE. As VPD increases, negative AWUE responses
become more pronounced, indicating that drier conditions may weaken post-fire WUE.
This may be due to higher evaporative demand and suppressed photosynthesis under
elevated atmospheric dryness. Additionally, the effect of altitude on post-fire AWUE
also shows a clear threshold range. Both low and high altitudes are associated with
negative AWUE responses.

We made efforts from the outset to exclude regions with significant human

activity. To minimize the influence of human activity, our analysis was restricted to
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pixels dominated by natural vegetation cover that had not undergone land cover
change during the study period. Urban, agricultural, and other human-modified areas
were excluded based on land cover classifications. However, to account for potential
residual human influence within the remaining natural areas, we incorporated a
human footprint index into the modeling framework. The results show that higher
human footprint values are associated with negative AWUE responses in post-fire
vegetation recovery. Human activity, such as irrigation, fertilization, afforestation,
thinning and prescribed fires, can influence WUE in both positive and negative ways
(Martin et al., 2010; Paris et al., 2018). However, in areas with low human activity,
natural vegetation recovery may be more conducive to improving post-fire WUE.

The effects of precipitation and soil moisture changes on AWUE exhibit similar
patterns. In regions with reduced precipitation, AWUE shows predominantly negative
responses and remains at relatively low post-fire levels. However, as precipitation
increases, AWUE shifts from negative to positive values, indicating that post-fire
WUE exceeds pre-fire levels. A similar pattern is observed for soil moisture: arid
environments are associated with negative AWUE responses. Previous studies have
confirmed that dry environments can significantly weaken vegetation stomatal
behavior and carbon assimilation processes (McDowell, 2011), leading to a decrease
in WUE. However, the geographical impact of drought stress is complex. For example,
in some arid regions, WUE increases with the degree of drought, while in semi-arid
and humid regions, drought stress leads to a decline in WUE (Yang et al., 2016).

Analysis of the response curve based on SOC suggests that post-fire vegetation
AWUE tends to increase with SOC content. This indicates that soil carbon reserves
are associated with higher post-fire WUE levels, possibly by improving soil structure
and enhancing nutrient supply, thus, promoting vegetation growth and recovery. The
impact of fire intensity is consistent with previous findings (see Section 3.2), with
both low and high intensity fires exerting negative effects on post-fire WUE.

In summary, the mechanisms behind the effects of environmental variables on
post-fire WUE changes are complex, involving both positive and negative influences,

with certain threshold effects, as quantified here.
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Fig. 8. Relationship between post-fire AWUE and environmental factors. These factors are ranked
by relative importance and include pre-fire WUE, TMP, VPD, elevation, Footprint, PRE, SM,
SOC, and fire intensity. The lines represent the average response function of the XGBoost model

for each variable. The shaded areas indicate the 95% confidence interval of AWUE.

4.3 Limitations

There remain certain uncertainties in understanding the WUE response of
northern vegetation to fire disturbances:

1. Tree species differences: Although our analysis is based on eight major
vegetation types, important physiological differences among species within each type
may still be overlooked. Trees generally exhibit higher WUE than herbaceous or

shrub vegetation (Xiao et al., 2013), yet substantial variation exists among forest types.
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Plantation forests often show lower WUE than natural forests (Sun et al., 2024), while
evergreen forests typically display higher WUE than deciduous forests (Tang et al.,
2014). However, these relationships are not universal; even the same species can
exhibit pronounced regional differences in WUE under contrasting climatic and
hydrological conditions (Zhang et al., 2023; Medlyn et al., 2017) (Fig. S13). Fire can
alter the distribution of tree species and seedlings, thereby shifting local dominance
(Hill and Field, 2021), and such species turnover can further complicate the WUE
patterns. In addition, remote sensing evidence suggests that woody plant expansion
may locally enhance ecosystem-scale WUE (Deng et al., 2022). Therefore, species
composition and successional dynamics may influence the interpretation of WUE
dynamics.

2. Forest age: Forest age also influences water-use strategies. High-severity fires
reset stand age, leading to shifts in WUE. Previous studies showed that WUE in
evergreen forests generally peaks at mature stages (approximately 80-100 years),
whereas deciduous forests exhibit a continuous increase in WUE with age (Xu et al.,
2020). However, these age-related patterns are not universal. In some cases, seedlings
of pine species with inherently conservative water-use strategies may exhibit higher
WUE than mature individuals (Skubel et al., 2015).

3. Coarse spatial resolution: Fire intensity and WUE were aggregated to a 0.1°
spatial resolution to explore WUE trajectories after fire disturbances. However, this
coarser resolution may also capture other disturbances (e.g., drought or extreme
precipitation), which were not considered in this research.

4. Study time frame limitations: The study period of 2004—2020 may not be
long enough to observe full vegetation recovery. Previous research indicates that
while primary productivity may recover within a few years (Xu et al., 2024), biomass
recovery in northern vegetation can take several decades (Wang et al., 2021). Thus,
the WUE trajectory in this research is likely limited to the early stages of vegetation
community recovery.

5. Impact of land use changes: While land use undoubtedly influences the

post-fire WUE trajectory, this research did not account for this factor. Fires are a
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driving force for changes in land cover (Wu et al., 2023), and large fires may lead to
shifts in dominant species. Therefore, future studies should consider the impact of

fire-driven vegetation type changes on post-fire WUE trajectories.

5. Conclusion

This research analyzed systematically the spatial distribution of temporal trends
in WUE and its response to fire disturbances for Northern Hemisphere vegetation
during the growing season, based on WUE data from 2001 to 2021 and fire data from
2004 to 2018. By removing long-term trends and seasonal fluctuations, we were able
to examine the trajectory of WUE after fire disturbances. The results reveal that, from
2001 to 2021, the WUE of Northern Hemisphere vegetation generally showed a
pattern of significant initial decline followed by a marked increase, with an annual
average change rate of -0.016 g C m2mm-Xyr-* However, under fire disturbances,
most vegetation exhibited short-term fluctuations in WUE within the first five years.
Notably, there were significant differences in the response of various vegetation types
to fire disturbances: coniferous forests exhibited a sustained increase in WUE
post-fire, while broadleaf forests showed a decreasing trend, and herbaceous
vegetation displayed fluctuating changes. These trajectories reflect differences in
water use strategies across vegetation types.

Further analysis revealed that environmental factors significantly influenced the
WUE trajectories. Attribution analysis identified pre-fire levels of WUE as a key
factor in regulating post-fire trajectories, while drought-heat stress factors, such as
temperature and VVPD, also played a significant role in WUE dynamics. Given that the
recovery period for Northern Hemisphere vegetation, particularly forests, can span
several decades before full recovery is achieved, management strategies for
afforestation and assisted vegetation recovery should ensure the balance between
carbon assimilation and water use. This dual consideration is especially crucial in the

early stages of recovery following a fire, where optimizing both carbon uptake
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capacity and water-use strategies will be beneficial for enhancing long-term

vegetation resilience and ecosystem functions.
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